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Table 1 Definition of aggressive behavior
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. . . Behavior description
aggressive  aggressive behavior
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Fig.1 Pig attack behavior label
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B4e, 7E YOLOX 38 A diddi NI — b & Fo s
(normalization-based attention module, NAM) , & />
YOLOX 7E Il 2 it #2 Fp 0 AN B 2 RRAE (1) 00 . LIk, ¥
YOLOX H )45 5k e #5223 HEP! Cintersection over union,
IoU) #Hh XA FFHEY (generalized intersection over
union, GloU), GloU *f 5 & X g il -l 5 8 [X I # it 17
TR, BESELF R B RN AE A B SEHE ) B S, 1R T
YOLOX AT RS FE o o, ¥ 2% 6] 4 7 B i AL 4 1
(spatial pyramid pooling, SPP) # i APk 2% [i] 4 715
Wtk 45 #) (spatial pyramid pooling - fast, SPPF), SPPF
XTEAR AT T P OCRHE SR B, 1 — 20 1 AN Wl 35 I RRAE
BE, MAREMNKSHERN, B HTERINEE I
BB SRR K. 27 b, ROt E
P iy 48 YOLOX-NGS, FHH N &R NAM, G Ep
GloU, S #7x SPPF. 1 2 fizw.
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normalization, BN) H [ b 43 [R5 38 JE (1) 7 22 38 B
i N AR AIE P T B, R AN KR AR LR
fIE, 0 5 T AR A R E S R AR R B . anl&] 3 P
N, 35 R CBL JZ BFIRHIERE R, X AR, 3
o 2 AR T )R ORI I8 38 7 3 ) AT S B
G FE Rl A REE B 3T LU N AR AT R AT O R R AR 4
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Note: Conv represents convolutional blocks; BN represents batch normalization; Leaky Relu represents the Relu activation function; Silu represents the Silu activation
function; Sigmoid represents the Sigmoid activation function; Maxpool represents the maximum pooling layer; Up Sampling represents up sampling; NAM stands for
normalized attention module; ResX represents a module composed of X residual blocks, for example, Res4 represents a module composed of four residual blocks.
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Fig.2 Network structure of YOLOX-NGS
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Fig.4 SPP and SPPF structure

2.1.4 GIoU Loss &k
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Note: A represents the predicted border; B represents the true border; U
represents the union of 4 and B.
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Fig.5 Union diagram of predicted box and real box
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3.1 BRHFITARNERS
3.1.1 AR iR
AR B 25 i (1) BB B SSDPH AR L At/ H b
{17 CenterNet™ #i %! . YOLOv4* #5754 fil YOLOvS™) i
A5 YOLOXP BRI #AT X bE o Ao EE ARG 45 L2 2.
WEE 2 Fron, YOLOX A8 (1) ~F 3585 FE 4 90.77%,
BT HAD AR = 1.11~8.15 N E 2, 38 Rk
AT AR B AR RE

a. Confidence level b. Missed detections

*®2 AEHEEERIEEE R

Table 2 Comparison of experimental results with

different models %
LAY HidES FEIEES F1 14 SEIRE
Model Precision Recall F1-Score Average precision(AP)
SSD 65.55 75.73 70.27 82.62
CenterNet 82.29 76.70 79.40 85.48
YOLOv4 85.87 76.70 81.03 88.54
YOLOV5 91.11 79.61 84.97 89.66
YOLOX 86.46 80.58 83.42 90.77
3.1.2 EZ ABBRATAA M6 R

A B8 1 ST A S NN AN )3 R A7 B R AT X6 B 1
%, o HARER AR WA 3.

*3 TREEENEREAEER

Table 3 The test result of different attention module %
R HERf =R BEHE F1{& PR
Model Precision Recall F1-Score AP
YOLOX 86.46 80.58 83.42 90.77
YOLOX-SE 81.08 87.38 84.11 90.61
YOLOX-BAM 85.44 85.44 85.44 91.00
YOLOX-CBAM 89.36 81.55 85.28 91.12
YOLOX-NAM 87.50 88.35 87.92 93.27

%% 3 fi7R, YOLOX-SE. YOLOX-BAM. YOLOX-
CBAM F AL FIX T YOLOX #5524 P 4786 B e = #2 7+ 0.35
ANE S, FILESERTE 2.02 542 4 YOLOX-NAM
YA XTT YOLOX #5828 S 3508 B $2 71 2.50 A 45 25,
F1{E$T 4.50 NE 75 . R NAM VEE I EEA 2l
HIAS R S H HFRFAE 388 5 AR A B 5 1) XA AR A 2 s /il
A A (AR R S RUEIE R 10 NAM G B  R B AT
N S AR R S A R DR R B AT R B R TR
FU. H bR X S SORBIRE T B A 8

WK 6 Frzr, YOLOX R %d 5 H e AT F A4S il ief
HLEAE BEAC TR A AN FIOARE P 2 1) i . Ak
ok, HEA NAM V= B, Inom i 7R 0 AT Ve
TERIRIERE S, em HARAT NN EEE (K 6a);
I, 3T R A B sk EE 71, A R TR
BRI (B 6b~6c) 5 S T HE fm A% 1 i A, 42
NAM VR s R gk (Bl 6d) .

3.1.3 R RECGRFATALA M G4 7w

AAR B0 1% PEA [F) 453 0% eR HOEE AT 0 AR, X e

TR 4.

d. TRIAE i B

d. Prediction box offset
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B 6 YOLOX # YOLOX-NAM 4245 R rbdg
Fig.6 Comparison of detection results of YOLOX and YOLOX-NAM
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Table 4 The test result of different IoU Loss %
R Hemfy % B E % Fl{E SERIRE
Model Precision Recall F1-Score AP
YOLOX 86.46 80.58 83.42 90.77

YOLOX-CIoU 84.26 88.35 86.26 91.07
YOLOX-DIoU 87.88 84.47 86.14 92.00
YOLOX-EIoU 83.19 91.26 87.04 91.98
YOLOX-GIoU 84.91 87.38 86.13 92.89

W% 4 fi7x, YOLOX-GloU 4 & i (191 2 %5 B«
YOLOX-GloU # R AH#E: T YOLOX 55 )5 34 85 B 42
A2 ANE . FEARRKG R, 2 10 T L FAE R A

e

v —= N i w
L N\ itk T

a. Confidence level b. Missed detections
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N

RUBE AR ) 2 T BUR R B AT MR DR B, R,
AARIEKG ToU 57125 bR B 40 GIoU#R R %, DA T
IR R

& 7 3 YOLOX 1 YOLOX-GIoU 4 R B AT Mk
MR, GloU 452K bR RS B 4T 1 S W Pl HE AN B SAE ) H
G, e R BT AT ESE (K 7a). ToU Al
GloU 1SG# i T 5 TR RN B SAEAS FE VAN I HERIfE 55,
PR IFIIAES e (& 7b) . GloU 25| NAETIH, #EAHE
SIEOLT, TUNHES W BHER S, AR U R A
PASERG, I EASISIETMHERE TSN (B 7c~T7d).

F

™,

d. T (S

¢. Misdetection d. Prediction box offset

B 7 YOLOX #= YOLOX-GloU #l £ R Hbdi
Fig.7 Comparison of detection results of YOLOX and YOLOX-GIoU

3.1.4  HekiKEe
N B AN [ S e A R B R M R TR R, IR IE 4%
SOk i A M, AR ST T AR IR T R 4%
KR BFAE 4735 22 5 R eodt vk B0 ok, 45
BUIFE 5 FIm.
#z5 HRIRIER

Table 5 Results of ablation experiment

UL Mk AEE UM . SR

R Improvement - i
Model strategy Precision/ Recall/ F1-Score/ AP/% Parameters/

—_— 0, 0, 0,

NAM SPPF GloU & " % MB
- - - 86.46  80.58  83.42 90.77 34.35

V - - 87.50 8835 8792 93.27 34.76

v - 8800 8544 8670 9175 34.22

- - N 8491 8738 8613  92.89 3433

YOLoX - 81.90 9223 86.76  93.77 34.57
N - N 88.07 9320 90.56 9424 34.74

- NN 8000 9320 86.10  93.53 34.29

NN A 9505 9320 9412 97.57 34.58

h# 545 & % 29 &, YOLOX-NGS 5 SSD.

a. Confidence level

b. Missed detections

T 1495, 12.09. 9.03. 7.91 NEH4r M. YOLOX-NGS
5 YOLOX-NAM. YOLOX-SPPF. YOLOX-GIoU #H tt,
SRS RE > BIARE T 4300 5.82. 468 NE A KA
SO RO AR R PR A I 1 B R AT AS IRl BT, R T
2% b oy AR NAM B, £ 4 GloU 451 2% iR #U R SPPF
FRIE & 715450, 5)F YOLOX HEAUAH bb ()7 2585 i 43
APEF 2.5, 2,12 F10.98 N4 s . Biffe SPPF FHIE 47
PEEERI RS BER D 0.1 MB, FEFEHRTE 0.98 D205,
L2 R NAM 5 B J5 A5 B 2 B0 i 3 K1) 5 el [ 21 e Ak -
et 5 AR RS ST 28R BN 90.77% $2 T B 97.57%, Tt
6.8 N 4 s B S 0 M 1) 34.7 MB PRI 2
345 MB, &1k 0.2 MB, X3 Bt J5 1 YOLOX f 2
PR IRE FE IR AR S HERNEDN . R ETR,
ARG YOLOX-NGS AR AARPERE AT A

WK 8 7, YOLOX-NGS A8 AERA . L i ks I
HRE REGEAT A, s RS AR E SR (] 8a),
[ YOLOX-NGS fi# ¥k 7 YOLOX 4% H BiAT M
A R FIAE % 7] @ (1] 8b~8d) .

\ : .\ e

d. THE R A2
d. Prediction box offset

c. Misdetection

A 8 YOLOX #» YOLOX-NGS #xi]zs R rbdx
Fig.8 Comparison of detection results of YOLOX and YOLOX-NGS
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3.2 BAKEITARANERS S

NS IESE R BT AT D R ) e A0 SRS A Rtk R
Tt 1 25 (LA B AT AP AR . ARSI Py
AP 38 FR R R B AT R ) HE B R A BRI 2,
Py BUE /N, B SIER K AEBEAT M EIWOR AN AR IR
TN, Py BMEE KR, B SIER AR AAT ARIWER
RELEBGEATA

AR A AE B IR ZE 18 A H HAT U B AT
o, AR Py, AP, BEHE RIS R0 6 Prs.

F 6 ARIMEEINLHIFMBEITALGISERETH
BRRHETARAER
Table 6 Results of attack behavior of pigs under different
proportion of attack activities (P,,) and proportion of attack
behavior (P ;) threshold combinations

P, BIE Py B i HERfh FEIEES
P, threshold P zthreshold  Accuracy/%  Precision/%  Recall/%
0.3 84.99 87.00 84.47
0.1 0.4 85.08 87.13 85.44
0.5 92.46 97.85 88.35
0.3 97.57 95.05 93.20
0.2 0.4 98.55 95.00 92.23
0.5 96.76 95.96 92.23
0.3 95.32 96.94 92.23
0.3 0.4 92.46 97.85 88.35
0.5 90.50 95.50 85.00

D Y4 P, ®EEKL (503) HFLN (<0.1) #He
SHEARREE RS, FARGEI P, REN AT
0.1~03. 4 P, B{E N 0.2 I, AEdER . #ERHEM A [
RIMEHE S, Py ERES) 0.1, BARUER A Bt
i, AR [FIZR B SR .

2) Y PL,RERK (505 HELN (<03) K,
ARG RGBT, PRAIR I IR B Py BIAE B
AT 0.3~05. 4P, BHEN 02 Py REN 0.4 K, K
AT IR RO e, KEHESR . HERA 2R A A 3] 5 HilIA
1 98.55%. 95.00% F1 92.23%.

AR5 K YOLOX-NGS 5% HIHE %N 97.57%,
ISR SRR AR, A BT R BT IR A,
SINBGEIEE G (P, MIGEAT NG (P 1-TE
W R BCHAT IR B 2, R R B AT R sE

R —FP ] FE AR TR
4 # i
AR 56 70 A I WX 2% 25 4 v 1R AT ) — bR R i

(normalization-based attention module, NAM) ¥ fill «
GloU i 2% bR £ % #Fll SPPF & 5 45 i flifk, Sk 5E A
() A58 AIAN [ 5200 25 A T ) SR i I i 47 0 H ARAS I o
I E G s ] Cproportion of attack activities, P,,)
B 47 N HEB] (proportion of attack behavior, P,;) 2
T RBGEAT R A R . FESR T

1) ARSI YOLOX-NGS 8 Ji 22 >) 4l 452 784 5
BIKE FEN 97.57%, KL K /Ny 3458 MB. 5 SSD.
CenterNet. YOLOv4. YOLOVS I tt, P38 B 4 42
BT 1495, 12,09 9.03. 791 NE s 5 Sk R g

YOLOX-NAM. YOLOX-SPPF. YOLOX-GIoU #ftt,
VIS By e T 4300 582, 4.68 NHE M. 4L,
YOLOX-NGS X% R Ui A7 St WAL B i, 5 HoAhAs
I 535 RN Sk SR B A EE . YOLOX-NGS “F- ¥ ¥ £ 42 T
4.30~14.95 MH 5, BRI SEE R IE R B A — %
AR, BT R A7 e 4 e WA SE PR 7R T8 7 5
IR o

2) ACERE R R BGEAT NI Py B Py 4B AE
P, KU P, BRAE S 9 BEE N 0.2 A1 0.4 B, FEFRIE R
AT RO e, N R8RS A 98.55% . 1
SRR N 5 N RBGEAT IR FE 2R, WA
HEFRME RBGEAT AR R AR R S H

(& F x W]

(1] Wf, B, EWIF, 5 4708 3R ER A A5
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Recognizing attack behavior of herd pigs using improved YOLOX

LI Yanwen, LI Juxia™, NA Tengxiao, ZHI Qingyu, DUAN Lei, ZHANG Pengpeng
(College of Information Science and Engineering, Shanxi Agricultural University, Taigu 030801, China)

Abstract: Image data was collected at the Pig Breeding Base in Fenxi County, Linfen City, Shanxi Province in July 2020. Nine
5-month-old fattening pigs were selected to raise in a closed pig house. Hikvision DS-2CD3345D-1 model camera was used in a
downward tilt angle of 60 degrees to collect data under incandescent light. This angle was utilized to obtain the rich behavioral
features of pigs, in order to avoid large-scale occlusion, compared with the head-up and overhead views. In the process of data
collection, the daily behavior videos of pigs were first repeatedly observed, and 185 video clips of pigs with aggressive
behavior were extracted; Inter frame difference method was used to extract the key frames from these video clips. Slow pig
movement and long rest time were removed as well. An improved YOLOX model was proposed to identify the typical attack
behaviors of herd pigs, such as impact, ear biting, and tail biting. The high accuracy and effectiveness were achieved to reduce
pig stacking and adhesion in complex pen environments. Firstly, a Normalization based Attention Module (NAM) was added to
obtain the global information about the YOLOX neck; Secondly, the loss function IoU Loss in the YOLOX was replaced with
the GIoU to improve the recognition accuracy; Finally, the real-time performance of the model was realized to enhance feature
extraction and detection efficiency. Feature pyramid structure SPP was lightweight to SPPF. The experiment showed that the
integrated NAM modules, GloU Loss replacing, and SPPF feature pyramid structures in the original backbone network
improved the average accuracy of the model by 2.50, 2.12, and 0.98 percentage points, respectively. The model with SPP
feature pyramid structure reduced the parameter by 0.1 MB and improved the accuracy by 0.98 percentage points, indicating
the minimum impact of the model parameter after the integrated NAM module. The average accuracy of the improved model
increased from 90.77% to 97.57%, with an increase of 6.80 percentage points; The parameter quantity decreased from the
highest 34.7 to 34.5 MB with a decrease of 0.2 MB. In addition, there was the continuous attack behavior of pigs in the low
credibility of single-frame images. Two optimization indicators (proportion of attack activities (P,,) and proportion of attack
behavior (P,z))were introduced to further confirm whether the attack behavior occurred. When the P,, and P,; thresholds were
0.2 and 0.4, respectively, the recognition accuracy (Accuracy) reached 98.55%. Video segments with frequent attacks were
selected to verify the effectiveness of the optimization. Usually, P, and P,; posed a significant impact on the recognition of
pig aggressive behavior; If the threshold set was too small, it was easy to misjudge frames without attack behavior as having
occurred; If the threshold set was too large, the frame without the attack was assumed as the occurrence. The experimental
results show that the improved YOLOX model was achieved in the high-precision recognition of pig attack behavior by the
integrated P,, and P ;. The finding can provide effective reference and technical support for the intelligent monitoring of herd
health pigs.

Keywords: pig; behavior recognition; detection; attack behavior; attention mechanism; loss function; feature pyramid
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